fore be helpful to develop sugarcane cultivars that produce high yields with less P fertilizer or cultivars that
H, O, and P generally absorb energy in the infrared region where they have fundamental vibrational frequencies and combination overtones detectable in the near-infrared region (400-2500 nm) (Malley et al., 2000;  S ugarcane is the primary crop of the Everglades Gillon et al., 1999) . Agricultural Area (EAA) in South Florida, grown
Calibration of a near-infrared spectrometer is an inon approximately 134 000 ha of Histosols (Glaz, 2000) .
ferential process of deriving models that relate spectral Phosphorus deficiency of sugarcane in the EAA may readings of samples to values determined by reference result in reduced cane tonnage, particularly in ratoon chemistry. Calibration involves the selection of reprecrops (Gascho and Kidder, 1979; Glaz et al., 2000) . Consentative samples, acquiring spectra and reference analtrarily, excessive P increases cane tonnage, with a correyses, data preparation, and statistical modeling and valilated decrease in sugar concentration, or simply dedation. To minimize interference from the spectra of creases sugar concentration (Gascho and Kidder, 1979;  strongly overlapping constituents and from light scatter Glaz and Ulloa, 1994; Glaz et al., 2000) . Excessive P variations, spectral data from many different waveapplication also may contribute to P enrichment of surlengths are combined by various methods, including face water (Coale et al., 1994) . Most virgin Florida Hismultiple stepwise linear regression, partial least squares, tosols contain from 50 to 1360 mg P kg Ϫ1 (Chen and and principal-component analysis (De Boever et al., Ma, 2001) , with a majority of the P tied up in organic 1994; Givens and Deaville, 1999) . compounds. Differences in P uptake among sugarcane Two broad categories of calibration equations have cultivars could lead to the annual removal of 8.5 kg P been used by researchers: local and global equations. ha Ϫ1 from EAA soils (Glaz et al., 1997) . It would thereLocal equations are models developed for sample populations expected to have similar spectral characteristics, ment was planted near Canal Point, FL, on 4 June 1999 on a sal models developed from sample populations of Torry muck soil (Euic, hyperthermic Typic Haplosaprist) . No broader spectral diversities (Gillon et al., 1999) . Both P fertilizer was added to this experiment. Leaf samples were local and global strategies have been used to predict N, collected on 8, 20, and 27 Sept. 1999 and 17 Nov. 1999. Leaf P, and other minerals in a variety of plants (Clark et samples from this and all other experiments were collected Vazquez de Aldana et al., 1995; Foley et al., between 0900 h and 1500 h from the leaf immediately below 1998; Gillon et al., 1999; Ruano-Ramos et al., 1999) .
the top visible dewlap and contained the midrib. This experi- Abrams et al. (1987) and Shenk and Westerhaus (1993) ment contained plots of clonally propagated genotypes that concluded that broad-based equations are potentially were used in biparental crosses to generate genetically unique as accurate as more local equations and offer the advanprogeny planted from seeds. There were four male parents tage of reducing the rather large effort required to asand five female parents, resulting in 20 crosses. The parents semble a calibration set and perform conventional wet were planted in four replications, at the rate of 10 stools per chemistry analyses to develop calibration equations.
replication. The offspring were also planted in four replications; each plot of offspring had up to 25 genetically unique Gillon et al. (1999) (Clark et al., 1987; Batten, 1998) successful foliar diagnosis, which could be useful for clonal screening in sugarcane breeding programs as well Table 1 . Sample number (n), range, mean, and standard deviation as for P recommendation in sugarcane production.
(s) of reference chemistry values for five populations used for near-infrared spectroscopy calibration development for sugarcane leaf P concentration. heritability of leaf P concentration in sugarcane. This experi- (Table 1) .
MATERIALS AND METHODS

Calibration
tissue was digested using sulfuric acid and hydrogen peroxide (Lowther, 1980) . For the fertilizer rate experiment, 0.1 g of
Spectrometry Measurements and Analyses
leaf tissue was digested using nitric acid in microwave bombs Sugarcane leaf samples were dried at 60ЊC, ground in a (Amana Radarange, Amana, IA) at 70% power for 4 min and stainless-steel mill to pass a 1-mm screen, and then scanned then at 100% power for 2 min (Rechcigl and Payne, 1990) . with a NIRS instrument (Model 6500, Foss NIRSystems, Silver
After digestion, P concentration was determined by a modified Spring, MD). Two replicated measurements of monochromolybdenum blue procedure (Murphy and Riley, 1962) at matic light from a single sample cup were made at 2-nm inter-880 nm using a spectrophotometer (Spectronic 20 Genesys, vals from 400 to 2500 nm to produce an average spectrum Spectronic Instruments, Rochester, NY). Quality control samwith 1050 data points. Reflectance (R ) was converted to abples were included to verify that there were no significant sorbance (A ) using the following equation: differences between the two digestion methods.
A ϭ log(1/R)
Near-Infrared Reflectance Spectroscopy Calibration
Calibrations were first conducted using the WinISI II (Foss
of Phosphorus
NIRSystems, Silver Spring, MD) software package. Local calibrations were produced from the following categoCalibrations were developed for leaf P concentration (P leaf ) ries: parents, offspring (one subsample per NIRS scanned measured in grams per kilogram using a modified partial leastsample), offspring (four subsamples per NIRS scanned samsquares regression method (Shenk and Westerhaus, 1991) . ple), fertilizer rate, and water table. Eleven progressively
The following model was used: global calibrations were produced using various combinations of these categories ( Table 2 ). The offspring data set with
four subsamples per sample was used in all global equations where A 1 , A 2 , . . . , A n are n independent spectral variables, developed with WinISI that included offspring. Principal-comeach with a combination of one or more spectral values (abponent analyses were performed on each data set before calisorbance); b 1 , b 2 , . . . , b n are n partial regression coefficients; bration. The WinISI II software was used to rank spectra in and b 0 is the intercept. a file according to their standardized Mahalanobis distance Two different software programs were used to develop these from the average spectra of the file. If the standardized dischemometric models using all spectral and chemical data. The tance of a sample was Ͼ3.0, the sample was considered as an WinISI II software used modified partial least-squares regresoutlier and eliminated (Shenk and Westerhaus, 1991) .
sion to compare spectra and reference chemistry values and ultimately to predict NIRS P values using all wavelength seg-
Reference Chemistry Analysis of Phosphorus
ments between 400 and 2500 nm. Later, Unscrambler software (Version 7.6, CAMO, Trondheim, Norway) was used. The Chemical analyses were conducted on three subsamples for each scanned sample in the fertilizer rate and water table mathematical preprocessing used in the Unscrambler software was the multiplicative scatter correction with no derivatives categories. Only one chemical analysis (one subsample) was done per scanned sample for the parent category and the on the log(1/R ) data. The multivariate method of partial least squares as described by Martens and Naes (1989) spring ϩ fertilizer rate ϩ water table), had R 2 Ն 0.82 Shenk and Westerhaus (1993) reserved one in six, and Gillon and s/SECV Ն 2.0 (Table 2) . et al. (1999) reserved one in four samples in similar studies.
Nine equations had R 2 Ն 0.78 and SEC Յ 0.22
Relationships between NIRS-predicted P (y ) and reference chemistry P (x ) from both WinISI II and Unscrambler are ( than those reported by Vazquez de Aldana et al. (1995) and Ruano-Ramos et al. (1999) for P in forage and y ϭ a ϩ bx grassland samples. Ruano-Ramos et al. (1999) conwhere b is the regression coefficient and a is the intercept.
cluded that their calibrations were useful for determin-
The ratio of standard error of prediction (SEP) to s of the ing P concentrations of semiarid grasslands used for prediction set (s x ), s x /SEP, is RPD (Williams, 1987) . The RPD grazing regimes. The calibrations reported here were and r 2 values were used to assess the suitability of predicless accurate than those reported by Saiga et al. (1989) tion equations.
and Gillon et al. (1999) in heterogeneous plant materials. Ruano-Ramos et al. (1999) and De Boever et al.
RESULTS AND DISCUSSION
Sugarcane Leaf Phosphorus Concentration
(1994) reported specific wavelengths for estimation of by Reference Chemistry P in grasses and vegetable feedstuffs. For other elements, a theoretical basis associating minerals and orLeaf samples from four populations of sugarcane were analyzed by reference chemistry (Table 1) . Mean ganic functional groups has led to the use of certain wavelength ranges with NIRS. Calibration equations were used to predict leaf P conFor our sugarcane samples, the equations developed by centration in samples that had not been used in the NIRS with the WinISI II software were more accurate calibrations. Statistics were calculated to assess the accuwhen the entire spectrum from 400 to 2500 nm was used racy of these predictions using the WinISI II software rather than when we selected wavelengths previously (Table 3) . Acceptable predictions were characterized determined successful for P.
by low values of SEP and high values of r 2 and RPD. Most sugarcane research and commercial production At least one global equation was found that included is conducted with small numbers of clones. For example, water table ϩ fertilizer rate, with or without parents, 12 cultivars (each a clone) were grown on 80% of Florior offspring that had r 2 Ն 0.71 and RPD Ն 1.75. da's sugarcane production area in 2000 (Glaz, 2000) .
Vazquez de Aldana et al. (1995) reported an r 2 of About 10 clones were used in each of the equations that 0.53 and SEP of 0.31 g P kg Ϫ1 tissue for predicting P in calibrated P concentration for the parents, the fertilizer grasses with NIRS. Similarly, Ruano-Ramos et al. (1999) rate, and the water table. However, every plant used to reported r 2 values between 0.49 and 0.77 and SEP values generate the offspring equations was a genetically in the range of 0.17 to 0.26 g P kg Ϫ1 tissue for predicting unique individual. The R 2 values were particularly low P concentration in grasses with NIRS. Compared to in the initial NIRS calibrations for P when using the these previous studies, most of our SEP values were offspring, whether generated by samples from one or similar, and nine of our equations had similar r 2 values four subsamples (Table 2) .
(0.53 Յ r 2 Յ 0.75). Malley et al. (2000) reported that Fertilizer rate was the most useful local calibration for agricultural applications, it is desirable to have r 2 Ͼ to use as a component in global equations before we 0.95 and RPD Ͼ 5.0. For screening, they suggested removed unneeded wavelength segments. Combining RPD Ͼ 2.5. Most NIRS work to analyze P in plant tissue spectral and chemical data from the fertilizer rate exper-
has not yet met those standards. The most accurate local iment with data from other experiments generally inprediction equation using all wavelength segments in creased R 2 and s/SECV values for parents, offspring, the present study was for the fertilizer rate, and the and water table. This is possibly due to increased range, most accurate global equation was for the fertilizer mean, and variation in sugarcane leaf P concentrations rate ϩ water table (Table 3 and Fig. 1 and 2 ). The lowest for fertilizer rate where mean ϭ 2.09 g P kg Ϫ1 and s ϭ standards set by Malley et al. (2000) were not met in 0.52 g P kg Ϫ1 (Table 1) . Williams (1987) concluded that as the s increased, the R 2 could also be expected to either of those prediction equations. (NIRS)-predicted P and reference chemistry P in sugarcane leaves (NIRS)-predicted P and reference chemistry P in sugarcane leaves from global calibration of fertilizer rate and water table using from local fertilizer rate calibration using simple linear regression. simple linear regression.
Near-Infrared Reflectance Spectroscopy
tilizer rate, and water table were not substantially im-
Calibration and Prediction of Phosphorus after
proved by Martens Uncertainty (Tables 2, 3 , and 4). In
Eliminating Unneeded Wavelength Segments
each of these three local categories, treatments consisted of about 10 vegetatively propagated clones. In the offMartens Uncertainty regression was later used as an additional step for preprocessing of the spectral data spring category, each sample was of a genetically unique individual. The most robust global calibration included before developing models by partial least-squares regression (Martens and Naes, 1989) . By removing waveparents, fertilizer rate, and water table and resulted in RPD ϭ 49.0 and r 2 ϭ 0.99 (Table 4 and Fig. 3 ). Generlength segments that were not helpful to their respective models, Martens Uncertainty regression, in combinaally, adding offspring data to other calibration sets had neutral or negative effects. These results demonstrate tion with partial least-squares regression, generated nearly perfect predictions of leaf P between the referthat researchers using NIRS should develop separate calibrations for studies with hundreds of sugarcane ence chemistry analyses and NIRS for both categories of offspring (one and four subsamples) (Table 4) . Earlier in progeny rather than plan to analyze these progeny with global calibrations that were developed from several the study, we were not making satisfactory progress with the offspring calibration, so we increased the number clonally propagated genotypes. Malley et al. (2000) set the criteria that for agricultural of reference chemistry subsamples per NIRS sample from one to four. However, the lack of improvement applications, it is desirable to have r 2 Ͼ 0.95 and RPD Ͼ 5.0. By removing unneeded wavelength segments from in the original calibration for offspring with four subsamples vs. one subsample (Table 2 ) compared with the our original data, we surpassed these criteria for each category in either a local or global calibration. A predicnear-perfect prediction equations developed by removing unneeded wavelength segments for both one and tion equation was developed for each category with r 2 ϭ 0.99 and RPD Ն 32.0. Martens Uncertainty regression four subsamples (Table 4) suggests that the problem was not in reference chemistry variability.
was a powerful tool for model development of sugarcane leaf P with NIRS. The local and global approaches were The local calibrations and predictions of parents, fer- mum P to a crop while obtaining optimum yields, thereby minimizing environmental losses of P.
